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S1 Supporting Information

1 Traditional (pre-transformer) NLP approaches to automation

Whilst the standard approach to labelling text with frames (see main paper for details) is still widely used and
accepted in rigorous analysis of public discourse, the recent digitisation of all areas of human social, economic
and political life, and the massive quantity of discourse artefacts this has created (Mauro et al., 2016), has seen
a move to automation of the standard approach, in particular, Step 5 — the coding of texts. Yet, as will be
shown below, automating, and so scaling, the standard approach to framing analysis is just the starting point
for automated methods with new technological frontiers opening up new ways of analysing and tracking public
discourse.

Here, the fundamental challenge of computation lies at the heart of technological advance: how to encode
the richness of human semantics in machine-readable format? Computational linguistics is the field of computer
science perhaps most associated with attempting to answer this question, and multiple techniques have arisen
over recent times which are still in use by computational social-, political-, and economic- scientists alike, to

study public discourse (Bail, 2014} |[Gentzkow et al., 2019).
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Figure A: Traditional (pre-transformer) NLP approaches to analysing discourse. Given some text (A),
unique words (tokens) can be counted and turned into frequencies (B), syntactic structures can be identified
and named-entities can be labelled (C), and words can be associated with their location in high-dimensional,
pre-trained, semantic embedding spaces (D).

In figure[A] we summarise the fundamental technologies used in traditional (pre-transformer) NLP research
applications in the social science. We discuss each in turn.
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Token frequencies — A classic NLP approach is to define a unique vocabulary for a corpus of texts, typically
dropping short, non-meaningful words - ‘stop-words’ (‘a’, ‘to’, ’is’, ‘the’, etc.), and reducing words to their
root or stem form (e.g. ‘running’ — ‘run’) so as to create a minimal set of meaningful word forms, known as
‘tokens’, by which any text can be represented. The computational task is then to count up the number of times
each token appears in a given text (‘token frequencies’). Importantly, such frequency representations lose any
contextual information about the token. As such, these representations are called ‘bag-of-word’ approaches,
since it is as if all of the words have been cut out of their context and tipped into a bag, regardless of order.
Whilst such an approach may seem overly reductive, further processing can recover remarkable insights. For
instance, by converting token frequencies (‘tf’) for a text into a vector, and then modifying token frequencies
by a scarcity weighting for that token across all texts (‘idf’, inverse document frequency), researchers can then
compute semantic distances between texts in this vector space.

EXAMPLE //
Public Opinion's impact on Political Speech with TF-IDF and Cosine Similarity

Hager, A., & Hilbig, H. (2020). Does Public Opinion Affect Political Speech?
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Figure B: Causal analysis of public opinion’s impact on political discourse. In Hager and Hilbig| (2020) a
large corpus of German cabinet public opinion surveys were obtained after release, and, together with political
speeches, press releases and other announcements of cabinet members (A), a regression discontinuity causal
analysis framework was undertaken. After standard pre-processing, 3,860 length tf-idf vectors for each report
and speech were calculated (B), enabling the calculation of semantic similarity between each report—speech
pair via cosine similarity (C).

An example of such an approach is found in [Hager and Hilbig (2020) who analyse public opinion survey
texts along with political speeches to examine the causal relationship between public opinion and political
discourse by calculating tf-idf vector distances (see Fig. [B). Alternatively, tf-idf vectors can be fed into topic-
modelling algorithms which perform unsupervised clustering! over the vectors typically using latent Dirichlet
allocation (LDA) methods, such that topic dynamics can be followed over time (Jelodar et al.,|2019). Examples
of this strategy include |[Vidgen and Yasseri| (2020b) who study the impact of petitioners on policy direction
in the United Kingdom, Bonilla and Mo| (2019) who analyse discourse topics in newspapers related to human
trafficking, and |Goyal and Howlett (2021)) who study Covid-19 policy responses.

Other extensions to token frequency approaches include counting specific tokens which are said to encode
attributes of language like sentiment. So-called ‘dictionary-based’ sentiment classifiers such as the Lexicoder
Sentiment Dictionary (Young and Soroka, 2012) or VADER - Valence Aware Dictionary for Sentiment Reason-
ing (Hutto and Gilbert, |2014) are two examples of such approaches. |Pauwels|(2011)) applies such an approach
to analyse populism in Belgian party speeches and manifestos. The method introduced simply calculates the
fraction of all words in a document appearing in the populism dictionary — effectively contending that populist
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word usage is a tell-tale (i.e. definition) for populist narratives?.

Whilst tf-idf methods are reasonably suited to topic modelling, the fact remains that since tf-idf vectors
treat language use as entirely context-free, bag-of-word approaches are inherently limited in their ability to
accurately identify nuanced semantic patterns which are inherent in narrative discourse analysis. Sentiment
analysis being a good example of such limitations — dictionaries of terms associated with positive or negative
sentiment are very labour-intensive to build, are domain specific, and are entirely context free, making sarcasm
or irony a major stumbling block in their application (Grimmer and Stewart, 2013)).

Semantic embeddings - A major revolution occurred in NLP at the start of the second decade of the millen-
nia, with the development of massively trained neural word-embedding models. Here, neural network archi-
tectures are trained to guess the correct token from surrounding tokens, or alternatively, the surrounding tokens
from a given token. For the first time, computational representation of human language went beyond mere fre-
quencies of unique index values, to actually associating words with their meaning, as revealed by their (local)
context of use. Such models are referred to as ‘word embedding’ models (or sometimes, simply, ‘embeddings’),
with Word2Vec (Mikolov et al.,2013)), GloVe (Pennington et al., 2014}, and FastText (Bojanowski et al.,2017)
among the most popular and widely used embeddings. By passing these models billions of sequences of hu-
man text (typically harvested from online sources), the models are able to accurately represent each word with
a vector location in high-dimensional space. For instance, the vector for ‘child” will be close - in vector space -
to ‘toddler’, ‘infant’, and ‘children’.

For the practitioner, word embeddings are very easy to accommodate, since any word (including stop-
words; without stemming) can be passed to a pre-trained embedding (essentially a neural model), which deter-
ministically produces a vector for that word. By repeating this process for a sequence of words in a text, many
vectors are obtained, which can then be averaged to obtain a document location in ‘semantic space’. From here,
down-stream tasks like topic-modelling can be performed as introduced earlier.

However, there are more elaborate uses of word embeddings. A researcher can take the generically trained
word-embedding model, and then further train the model on a sufficiently large sample of study texts, a process
known as ‘fine-tuning’. In this way, the word-embedding model itself starts to represent more closely the way
that words encode semantics as revealed by the language in the study materials itself. An example of this
approach is found in Kozlowski et al.| (2019)’s ground-breaking study of class, where millions of book texts
from each decade spanning the 1900s to the 1990s were each fed into a initialised Word2Vec model to fine-
tune it to the particular semantic relationships of that decade. The authors then looked at semantic similarity
between certain words which denote class and other words which denote dimensions of culture (see Fig. [C).
Whilst not directly assessing framing within narrative discourses, one can see how deep cultural associations —
the underpinning of narrative framing (ala [Polletta and Callahan| (2017))) — can be quantified and tracked over
time using such an approach.

Syntactic structure — Whilst grammar, on its own, does not closely associate with one narrative or frame,
syntactic analysis empowers research methods to create more nuanced representations of narratives. Today,
the field is almost entirely dominated by transformer methods, but there are still use-cases for traditional ap-
proaches, especially where data are scarce or computational resources are constrained. Here, hidden Markov
Models or their derivatives represent pre-transformer approaches to labelling parts of speech McCallum et al.
(2000); Brants| (2000). Alternatively, other methods have been developed to correctly identify who is speak-
ing in a sentence where pronouns replace names. This is especially important when conducting sentence-level
analysis (a common approach in NLP), especially in political analysis, since knowing that the ‘they’ refers to
the government, or opposition, or ‘she’ refers to a shadow-minister or the Prime Minister are critical pieces of
information for any quantitative assessment. In NLP this task is referred to as ‘coreference resolution’ and fast,
accurate methods are in common use (Clark and Manning}, |2016al0).

1.1 Ensemble approaches

In practice, traditional NLP workflows typically combine tools together in a sequence of steps, known as a
‘pipeline’ — a combination of transformations is used to achieve higher accuracy on a given research objective.
This is the approach taken to a series of studies in computer science literature which define the task as a
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EXAMPLE //
The Geometry of Culture: Analyzing the Meanings of Class through Word Embeddings
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e Semantic ‘dimensions' basketball
are formed ‘

19005 10108 .. 1000s

Word2vec Embeddings
trained by decade

0 Semantic similarity to ‘Affluence’ dimension, by decade é@ Most cultural dimensions of
class remain remarkably
(60°) 0.5 stable over the century, yet
we observe a striking
B 5% == Education change in the relationship
= _ between dimensions of
< . .
= _EilsatGh affluence and education.
£ o3 g Although their association is
v e Status only weakly positive at the
2 o = dawn of the twentieth
g E— ~ century, it surpasses all
Q o1 = other dimensions by the

5 —— — Employment century’s close, suggesting
il that education and

90°) 0.0 — —— —
1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 ) affluence became
increasingly synonymous.
-0.1 (p.923)
-0.2

Figure C: Using word-embeddings to analyse the foundations of narrative framing in millions of texts.
Kozlowski et al.|(2019) take US provenance Google Books n-gram texts, per decade (A), to fine-tune Word2Vec
neural embedding models (B), such that distances between semantic dimensions along word-pairs lines in each
decadal model can be calculated (C), to track the cultural association of e.g. ‘Affluence’ with these dimensions
over time (D).
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multi-class classification ‘framing’ problem®. However, this literature is of limited application to tracking
conceptual framing (in the spirit of [Entman, i.e. narratives to persuade or promote) since ‘framing’ is used
in this literature to denote a dimension of an issue rather than what might be called the conceptual framing
itself. For example, Boydstun et al.| (2013)’s 15 generic policy ‘frames’ include ‘Economic’, ‘Public opinion’,
and ‘Cultural identity’ — these are generic dimensions of an issue and do not carry enough meaning to denote
a specific narrative or conceptual framing. In the literature these ‘frames’ are then instrumented across multi-
issue labelled datasets such as the Media Frames Corpus (MFC) (Card et al.,|2015) and the Gun Violence Frame
Corpus (GVFC) (Liu et al., 2019) and analysed using a variety of multi-class classification algorithms (Field
et al., 2018}; Zhang et al., [2023).

However, not all computational literature follows this path, with several studies taking the more nuanced
approach to framing analysis required for tracking narratives of democratic resilience. For example, |Vidgen and
Yasseri| (2020a)) offer a promising approach to tracking nuances in Islamic hate-speech in 4,000 social media
posts. Namely, they distinguish between ‘strong’ and ‘weak’ islamophobia — a distinction which can be consid-
ered as two frames within the general attitude of islamophobia. In the study, they trial seven different pipelines,
leveraging all of the traditional NLP approaches mentioned thus-far: tf-idf vectors, word embeddings, fine-
tuned word-embeddings, sentiment, and syntactic features. They also trial a number of different classification
algorithms from logistic regression, Naive-Bayes, through random forests, and support vector machines (SVM)
and even deep learning (neural methods). The most accurate approach they identify combines features, and
uses the SVM classifier, obtaining 72.17% accuracy on their training data (n = 1,341), and 77.3% accuracy
on a further set of 300 hand-labelled test tweets. Likewise, Morstatter et al.| (2018)) study narratives of support
and opposition (polarity) across 10 framings related to the balistic missile defence (BMD) issue in Europe.
However, through hand-coding, and with training a multi-class NLP classifier, accuracy is low (less than 0.5
across classes). |[Cocco and Monechi| (2022)) pursue populism narrative analysis via adding machine learning
to a bag-of-words approach, processing over 240,000 sentences from 268 electoral manifestos across 99 par-
ties using a random forest (RF) classifier. Here, rather than a list of populist words, the method mechanically
labels (i.e. defines) as ‘populist’ all sentences that arise from texts of parties labelled populist in the PopuList
database (Rooduijn et al.| 2024). The RF tool is trained to pick sentences from these texts (represented by
cleaned and stemmed word occurrence), as opposed to non-populist texts in the training data.

Closer still to the narrative analysis task are studies which seek to track the incidence of ‘micro-narrative’
phrases within a large body of texts. Here, the work of |Ash et al.| (2024) and |Anantharama et al.| (2022)
seek to identify ‘Entity — Verb — Entity’ (EVE) triplets, through a multi-step pipeline using word-embeddings
(Ash et al.) or transformer-based sentences embeddings (Anantharama et al.), together with syntactic parsing
and co-reference resolution. These approaches enable the tracking of phrases like ‘God-bless—America’ or
‘indigenous voice—enshrine—constitution’. By clustering a set of these micro-narratives and associating with a
particular framing, narrative components can be tracked across speakers, and through time.

So how well do non-transformer methods perform at traditionally hand-coded approaches to tracking dis-
course? A study by|Nelson et al.[|(2021) considers three traditional methods (dictionary-based, tf-idf supervised,
unsupervised topic discovery) applied to a large number of hand-coded news articles with a hierarchical identi-
fication schema relating to inequality. They find that tf-idf style classifiers were the most accurate approach in
both identifying articles and tracking themes over time. However, with a combined precision/recall (f1) score
of around 0.8, it would be hard to conclude that ‘human-level accuracy’ was obtained by the best method.
However, the authors took methods ‘off the shelf” and it is likely that more performance could be obtained by
skilled practitioners.*
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